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Motivation

Precisely observing the properties of known particles is one way of searching for New Physics. This approach requires precision experiments, like COMET, to
produce a huge number of events. To prepare for such experiments, it is desirable to obtain real-size mock datasets, which Monte Carlo simulations, like
GEANT4, cannot produce within reasonable times. Statistical models must be used instead. The COMET collaboration, for instance, will use Generative Ad-
versarial Networks (GANSs) to generate a real-size fake dataset equivalent to 10’ events (Phase-l). GAN are unsupervised learners, meaning that standardi-
zed GAN evaluation metrics are critical to their development in HEP, and to support searches for New Physics with precision experiment.

The COMET experiment Evaluation method
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Figure 5: Training and using a feature extractor. During the trai-
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Figure 6: 3D space-time images of the CDC hit sequences. Left: noise-like

hits. Right: hits belonging to reconstructible tracks.
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Particle hits in the Cylindrical Drift Chamber Results
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Figure 8: UMAP plot of the 267-dimensional feature vectors
of hit MC and GAN hit sequences obtained by the 3D CNN.




